Choosing an appropriate support for Clinical Decision Support Systems is a complicated task, and dependent on the domain in which the system will intervene. The development of wide solutions, which are transversal to different clinical specialties, is impaired by the existence of complex decision moments that reflect the uncertainty and imprecision that are often present in these processes. The need for solutions that combine the relational nature of declarative knowledge with other models, capable of handling that uncertainty, is a necessity that current systems may be faced with. Following this line of thought, this work introduces an ontology for the representation of Clinical Practice Guidelines, with a case-study regarding colorectal cancer. It also presents two models, one based on Bayesian Networks, and another one on Artificial Neural Networks, for colorectal cancer prognosis. The objective is to observe how well these two ways of obtaining and representing knowledge are complementary, and how the machine learning models perform, attending to the available information.
Introduction
Currently, the penetration of Clinical Decision Support Systems (CDSSs) in daily healthcare delivery is becoming a reality. There is even evidence that the use of such systems can contribute positively to the improvement of healthcare services, namely in the prevention of medication errors [1] , and the improvement of practitioner performance. The main goal of these systems is to help healthcare professionals to make decisions by dealing with clinical data and knowledge. The advent of CDSSs occurred in the middle of the 1960s and the early 1970s. Through the years, CDSSs evolved into three main types [2]: (i) tools for information management (e.g. Electronic Medical Record (EMR) systems); (ii) tools for focusing attention (e.g. alert systems); and (iii) tools for providing patient-specific recommendations. This paper focuses on the last which are tools that provide custom assessments based on sets of patient data. Different techniques have been used to support the decision making process of CDSSs, they range from mathematical modelling, pattern recognition and statistical analysis of large databases to specific algorithms represented as flowcharts.
This work follows a hybrid approach consisting in specific algorithms combined with models obtained through machine learning processes. The basis for the algorithmic part will be provided by Clinical Practice Guidelines (CPGs) [3] , which are systematically developed statements that provide healthcare professionals with instructions regarding specific clinical circumstances. This work proposes an ontology model for the representation of CPG tasks combined with classification models for specific cases where uncertainty is more evident.
The paper is organized as follows. The next section contains a description of the primitives used in the CPG ontology along with a proper case study featuring colorectal cancer (CRC) diagnosis and treatment. In Europe, this is one of the most common forms of cancer (only second to breast cancer) and it affects predominantly the western countries, a group in which Portugal is included [4] . Section three introduces a moment in CRC management that is usually clouded with uncertainty, the prognosis after surgery, as well as a set of models based on Bayesian Networks (BNs) and Artificial Neural Networks (ANNs) for mortality prediction. The last section presents some conclusions about the work done so far and points out to future directions.
Clinical Practice Guideline Representation
The approach followed for CPG representation includes an ontology developed in Ontology Web Language (OWL) McGuinness2004. OWL-DL (Description Logics) is a highly expressive language comprised of classes (sets of individuals having certain properties), individuals (objects of the domain) and properties (binary relationships between individuals or between individuals and data). The developed ontology is called CompGuide and presents a formalisation of guidelines as linked lists of tasks. This approach was based on Computer-Interpretable Guideline (CIG) [6] formalisms that follow the Task Network Model (TNM), representing CPGs as networks, or workflows, of tasks [7] . Such formalisms include the Guideline Interchange Format (GLIF)[8], PROforma [9] and the Standardsbased Sharable Active Guideline Environment (SAGE) [10], just to name a few. The following subsections will present the main class primitives and the properties that enable the definition of the order between tasks, as well as temporal and clinical constraints.
Task Primitives
In CompGuide a GPG is represented as an instance of the class ClinicalPrac-ticeGuideline. To sanction the nesting of classes, it was considered that all tasks of a guideline are contained in a broader task called Plan, to which an individual of ClinicalPracticeGuideline is linked through the hasPlan object property. Figure 1 shows a graph containing the top classes of CompGuide
